In this paper, remotely sensed (RS) satellite sensor environmental data, using logistic regression, are used to develop prediction maps of the probability of having infection prevalence exceeding 50%, and warranting mass treatment according to World Health Organization (WHO) guidelines. The model was developed using data from one area of coastal Tanzania and validated with independent data from different areas of the country. Receiver operating characteristic (ROC) analysis was used to evaluate the model's predictive performance. The model allows reasonable discrimination between high and low prevalence schools, at least within those geographical areas in which they were originally developed, and performs reasonably well in other coastal areas, but performs poorly by comparison in the Great Lakes area of Tanzania. These results may be explained by reference to an ecological zone map based on RS-derived environmental data. This map suggests that areas where the model reliably predicts a high prevalence of schistosomiasis fall within the same ecological zone, which has common intermediate-host snail species responsible for transmission. By contrast, the model's performance is poor near Lake Victoria, which is in a different ecological zone with different snail species. The ecological map can potentially de®ne a template for those areas where existing models can be applied, and highlight areas where further data and models are required. The developed model was then used to provide estimates of the number of schoolchildren at risk of high prevalence and associated programme costs.
Introduction
For Schistosoma haematobium, an effective approach to help locate high-risk communities or schools requiring mass treatment has been the use of questionnaires (Red Urine Study Group 1995; Partnership for Child Development 1999a). Before undertaking a questionnaire survey, a ®rst step in national planning is to identify those areas in which surveys are needed (WHO 1995b ). Yet, in many African countries a paucity of epidemiological data hinders the targeting of a questionnaire approach . In an effort to overcome this problem, remotely sensed (RS) satellite sensor data and interpolated meteorological surfaces are increasingly used to predict infection risk in unsampled areas Lindsay & Thomas 2000; Rogers 2000; Hendricks et al. 2001) . RS data has also been used to estimate the likely distribution of S. mansoni in Egypt (Malone et al. 1994 (Malone et al. , 1997 and Ethiopia (Malone et al. 2001) . However, if reliable maps of infectious diseases are to be constructed, there is a need to investigate whether prediction models developed for one place can be applied to another, as environmental factors that in¯uence disease transmission are unlikely to be uniform over large geographical areas (Rogers 2000) . Political boundaries are the most obvious geographical divisions and are routinely used to de®ne the spatial extent of risk maps. Alternatively, RS-derived environmental data can be used to develop ecological zone maps (Rogers & Wint 1996) that identify areas of ecological similarity.
In this paper, we use environmental data derived from meteorological satellite sensors and interpolated meteorological data to model the distribution of S. haematobium in Tanzania. Further, we show how such ecologically based criteria are better able to de®ne where existing predictive models can and cannot be applied.
Methods

Infection data
Prevalence data originate from school questionnaire surveys conducted in Tanzania (Table 1 and Figure 1 ). Infection prevalence was estimated from carefully validated questionnaire surveys in which schoolchildren were asked whether they have urinary schistosomiasis or blood in urine (termed locally kichocho) (Lengeler et al. 1991; Partnership for Child Development 1999a) . Several studies show that prevalence in schools of self-reported kichocho underestimates the parasitological prevalence of infection, but by a consistent amount (Table 1) . This means that for each school the prevalence of reported kichocho can be reliably calibrated and used to exclude areas of low transmission from control efforts (Red Urine Study Group 1995) . Consequently, these data from Tanzania are used to de®ne the extrapolated risk of having infection prevalence P 50%, WHO's criterion for mass treatment (WHO 1995a).
Remotely sensed and other environmental data
Land surface temperature (LST) and the normalized difference vegetation index (NDVI) information were derived from the Advanced Very High Resolution Radiometer (AVHRR) on-board the national oceanic and atmospheric administration's (NOAA) polar-orbiting meteorological satellites (Cracknell 1997 ) using standard procedures, reviewed in Hay (2000) . Daily data at 8´8 km spatial resolution data were ®rst processed for the period 1985±1998 to exclude unreliable pixels due to extreme sun and sensor viewing angles and cloud contamination (see Hay & Lennon 1999 ). Single monthly images were then maximum value composited (Holben 1986) . Minimum, mean and maximum values of these data were extracted for each pixel that corresponded to the location of the parasitological surveys. Image processing was performed using the Earth Resources Data Analysis System (ERDAS) Imagine 8.4
TM (ERDAS Inc. Atlanta, GA, USA).
Interpolated rainfall surfaces were taken from the spatial characterization tool (Corbett & O'Brien 1997) and an interpolated digital elevation model (DEM) of Africa was obtained from the Global Land Information System (GLIS) of the United States Geological Survey (EROS Data Center 1996) .
The location of schools was obtained by transcribing co-ordinates from 1 : 25 000 scale maps used in the original survey or collected in the ®eld using a Magellan Global Positioning System (GPS) (Magellan Systems Corporation, San Dimas, CA, USA). Geographical data were displayed and analysed in ArcView (Version 3.0, ESRI, CA, USA, 1996) .
Data analysis and model validation
To examine the relationship between environmental variables and the need for mass treatment, schools were classi®ed as having estimated prevalence above or below 50%, WHO's treatment threshold (WHO recommends that mass treatment is warranted if the prevalence in a school exceeds 50% infection). Logistic regression models were developed to identify signi®cant environmental variables associated with infection patterns. A potential problem in developing models using environmental variables is that many are highly intercorrelated so that it is dif®cult to separate the effects of the independent variables statistically (Morgenstern 1998) . To reduce the dimensionality of these colinear variables, we ®rst selected those variables likely to have greater biological signi®cance on infection transmission (Brooker & Michael 2000) . Second, the remaining variables were added to the models in a stepwise fashion, and comparing the statistical ®ts of alternative models using the residual deviance of models including and excluding correlated variables using a v 2 distribution (Venables & Ripley 1999). Analysis was performed using S-Plus 4.5 Professional Release 2 (Math Soft, Seattle, WA, USA).
To test the predictive performance of the ®nal model, within the area for which it was developed, the data were divided into two randomly selected sub-samples: one to develop the model (the`training' data); and the other to assess the accuracy of model predictions (the`validation' data). Data from the training set in Tanga Region were used to develop a local model of the probability of having an infection prevalence > 50%. The accuracy of the model was then assessed using data from the validation set. However, the real test of accuracy and usefulness of a Figure 1 The spatial distribution of reported urinary schistosomiasis in Tanzania. Data are available for 166 099 children from 591 schools in Tanga Region (Partnership for Child Development 1999a), 164 schools in Kilosa district (Lengeler et al. 1991; WHO 1995b) , 49 schools in Magu district and 176 schools in Mtwara Region (Partnership for Child Development, unpublished data). d P 50% prevalence, s < 50% prevalence. (Fielding & Bell 1997) . Here, we validated the model for Tanga Region using data from elsewhere in Tanzania (Kilosa, Magu, Mtwara and Tandahimba districts). The predictive accuracy of the developed model was assessed in terms of sensitivity (the percentage of locations with disease/infection present correctly predicted) and speci®city (the percentage of locations with disease/infection absent correctly predicted). These measures rely on a single probability cut-off point to classify a school as having infection prevalence 50% or more. A more complete description of the classi®cation accuracy is given by the area under a receiver-operating characteristic (ROC) curve (Fielding & Bell 1997; Greiner et al. 2000; Pearce & Ferrier 2000) . This curve plots the sensitivity and speci®city for an entire range of possible cut-off points. A model with perfect discrimination between occurrence and absence of disease/infection has a ROC curve that passes through the upper left corner (100% sensitivity and 100% speci®city). This model will have an area under curve (AUC) of 1.0. As a general rule, an AUC between 0.5 and 0.7 indicates a poor discriminative capacity; 0.7±0.9 indicates a reasonable capacity; and > 0.9 indicates a very good capacity.
Estimates of population at risk and programme costs
Logistic regression equations were then used to map the probability of infection prevalence being 50% or greater using Idrisi Version 2 (The Idrisi Project, Worcester, MA, USA). For the purposes of classi®cation, we have used a probability threshold that maximizes the accurate exclusion of low prevalence schools to develop predictive maps to identify priority areas for a blood in urine questionnaire approach. On this basis, the number of school-aged children at risk of signi®cant schistosomiasis transmission, and the target of a questionnaire approach can be quanti®ed by overlaying the predictive maps of infection prevalence on population data. Data on the school-aged population for every district came from 1990 national population forecasts (Deichmann 1996) , and projected to 2001 assuming a country and year speci®c inter-census growth rates (US Census Bureau. 2001). With the increasing decentralization of health systems in Africa, disease control activities are likely to be undertaken at the district level. Consequently, we have estimated populations at risk for those districts where high prevalence is predicted in 75% of the district's area.
Detailed prospective cost analyses have been conducted for school based anthelmintic programmes in Ghana and Tanzania (Partnership for Child Development 1999b). The cost of delivering praziquantel for schistosomes ± which required targeting schools by a questionnaire, and a calculation to determine the dose based on the height of the child ± was US$ 0.67 in Ghana and US$ 0.21 in Tanzania. The ®gures for Tanzania and Ghana were used to provide lower and upper estimates of programme costs.
Results
A number of logistic regression models were ®tted to a 50% random sub-sample of schools in Tanga Region. Table 2 presents the ®nal model results and shows that altitude has a negative effect on the probability of a school having prevalence > 50%, whereas minimum LST and mean NDVI both have a positive effect.
The remaining 50% of schools in Tanga Region not selected to develop the model were used to assess the accuracy of the model. Figure 2a shows that the model for Tanga Region allows reasonable discrimination between high and low prevalence schools, within those geographical areas in which surveys were conducted. The plots further indicate that within Tanzania, the model developed for Tanga Region also performs reasonably well in neighbouring Kilosa District and further south in the similar coastal area of Mtwara Region (Figures 2b and c) , but performs poorly in comparison in Magu District, near Lake Victoria (Fig. 2d) .
These results may usefully be explained by reference to an ecological zone map (Figure 3 ). This map shows that Tanzania comprises three ecological zones (see Table in Figure 3 ). Those areas where the Tanga Region model reasonably predicts a high prevalence of schistosomiasis all fall within the same ecological zone (Zone 1). By contrast, the model's performance is poor near Lake Victoria ± an area that represents a different ecological zone (Zone 2).
Examination of the ROC curves allows the probability threshold to be identi®ed that optimizes the preferences for maximal sensitivity or speci®city. Here, we have used a probability threshold that maximizes the accurate exclusion of low prevalence schools (i.e. P 0.2, see Fig. 2b±d ). (Figure 4 ) ± recognizing the limitations it presents, as we help highlight. Comparing this map with a (admittedly outdated) map of the suggested distribution of endemic S. haematobium in East Africa ( Figure 5 ) shows a broad correspondence between the suggested distribution of S. haematobium and the model's prediction ± the slight difference being a broader distribution of transmission south of Lake Victoria. Thus, using the Tanga Region model, we have estimated populations at risk for those districts in Tanzania where high prevalence is predicted in 75% of the district's area. On this basis, it is estimated that 4.9 million children (in 37 of 97 districts) in Tanzania would be the target for a Using the Tanzania and Ghana costs as lower and upper estimates, it is envisaged that the cost of control in Tanzania would be US$ 1±3.2 million. This represents a maximum estimate as the questionnaire survey would further exclude schools from mass drug administration, although the cost of the questionnaire survey, which represented 44% of total costs in Ghana and 19% in Tanzania, would remain.
Discussion
Although unable to capture the well-known small-scale focality of schistosomiasis, low-resolution (5±10 km) RS/GIS models can usefully stratify areas for planning national control activities. In particular, they can help exclude areas where urinary schistosomiasis is unlikely to be a public health problem, and so help focus on priority areas where questionnaire surveys should be undertaken to more precisely target control.
In the interpretation of the current results it is useful to consider the distribution of the snail species involved in local transmission (Sturrock 1993; Brown 1994) . In Tanzania, the main snail species are B. africanus, B. globosus and B. nasutus (Webbe & Msangi 1958; McCullough 1972; Zumstein 1983; Marti et al. 1985) . In coastal areas, B. globosus is the principal snail host responsible for transmission, although B. africanus may be locally important (Brown 1994) . By contrast, B. nasutus is the main host in north-western Tanzania and is found in temporary water bodies (Webbe 1962; McCullough 1972; Lwambo et al. 1999) . B. nasutus does occur in coastal East Africa, but appears to be incompatible with the S. haematobium parasite strain found in B. globosus in that area (Zumstein 1983; Stothard et al. 2000) . Such differences in the distribution of snail species may explain why the model developed for Tanga Region had a reasonable performance in coastal areas with a common snail species, but had a poor performance in Magu District where a different intermediate host occurs.
The ®nding that the areas where the model's performance is reasonable are within the same ecological zone may suggest that the model for Tanga Region can be extended elsewhere within the same ecological zone. This zone extends down to Mozambique and parts of southern Malawi (Figure 3) . For Mozambique unfortunately, much of the existing information on schistosomiasis is now outdated (Morais 1957) , making a detailed validation of the model across the country different. However, crude validations are possible with more recently published data. For example, Traquinho et al. (1998) report a parasitological survey among schoolchildren in 12 schools in three districts (Montepuez, Balama and Namuno) in the northern province of Cabo Delgado. The overall prevalence of S. haematobium was 84.4%; the lowest prevalence recorded was 77.5%. Applying our model to the three districts, the mean predicted probability for infection prevalence being 50% or greater was 0.21 (minimum 0.07, max, 0.47). Thus, based on our threshold of P 0.2, these three districts would correctly be de®ned as areas where schistosomiasis is likely to be a public health problem. Further south, in Xai-Xai and Bilene districts in Gaza Region, the prevalence of S. haematobium among schoolchildren was 22.1 and 40.2%, respectively (Bobrow & Zacher 1999) . The mean predicted probabilities for Xai-Xai and Bilebe districts were 0.07 and 0.11, respectively; thus on the basis of our model they would not be de®ned as an area where schistosomiasis is a public health problem requiring mass treatment. Although a simpli®cation, the above comparison does support the application of the model developed for coastal Tanzania to other areas within the same ecological zone. More extensive validation of the approach is the subject of ongoing research.
The ®nding that the areas where the model's performance is poor in different ecological zones suggests that further data and different models would ideally be needed for other areas of Tanzania. In planning future surveys, the use of ecological zone maps derived from RS satellite sensor data can usefully guide sample protocols (Brooker et al. 2001) . At present however, we are unaware of further detailed data for western Tanzania, and we believe that the current model represents the best we have, despite its limitations, which we highlight here. At present, additional ®nancial resources are being mobilized for the control of disease due to schistosomiasis in Africa. Thus, there is an urgent need for an evidence-based framework in which to support political decision-makers with data on which international priorities for schistosomiasis control can be set.
To conclude, we have demonstrated that it is possible to predict the distribution of schistosomiasis in Tanzania using RS data. The work further suggests where developed prediction models can be applied and where separate or modi®ed development of models needs to be constructed. The development of such an approach in different ecological zones and for separate snail species would therefore appear to offer an important tool for identifying areas for targeted control programmes. Such models can usefully stratify areas for planning national control activities. In particular, they can help exclude areas where schistosomiasis is unlikely to be a public health problem, and so help focus on priority areas where local targeting of treatment using speci®c procedures should be undertaken. It is within this objective, evidence-based framework that disease control initiatives should be undertaken. While more research is required, we believe we have provided the ®rst preliminary risk map based on RS satellite sensor and meteorological data for S. haematobium for sub-Saharan Africa. Further use and validation of the approach is underway.
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